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Combining multiple GWAS

Rationale: more power

Challenge is to achieve comparability between 
individuals studies
– Need standardized distributions of test statistic

Distortions can be due to:
– Population stratification (sample ascertainment)
– Technical artefacts (e.g. genotyping error, batch effects)
– Statistical artefacts (e.g. overdispersion of test statistic, 

imputation)



Q-Q plot of the test statistic: 
expected vs. observed

expected 
distribution 

under the null 

expected 
distribution 

under the null

(we expect most SNPs
not to be associated)

Presenter
Presentation Notes
For all the SNPs in this clean data set, we calculate the test statistic of association and a corresponding P-value to indicate the statistical significance.

What I will show you is a so-called P-P plot where we plot the observed P-values (on the y-axis) as negative log base 10 P-values against what would be expected under the null hypothesis of no association between genotype and phenotype.

Most SNPs in the genome will not be associated with our trait -- so if our data is good and if we have performed the analysis correctly, we’d expect a null-like distribution (which is the red diagonal shown here) 

If we see that our distribution behaves like the expected null, we can rule out systematic bias that could result from aberrant allele calling or from the presence of population stratification or structure).



Q-Q plot of the test statistic: 
expected vs. observed

Depending on study 
power, true positives 

are enriched in tail 

Depending on study 
power, true positives 

are enriched in tail

λGC = 1.05
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This is the actual P-P plot

First three logs - completely null

Slight excess at the lower p value end of the distribution

Because we have ruled out bias in the overall distribution - we are able to interpret a finding as a locus-specific effect rather than being due to some bias present in the data that affects the entire distribution.

Nevertheless the challenge remains to identify the true signals (the suspectibility genes that we wanna find) from the noise.



Q-Q plot of the test statistic: 
expected vs. observed

Bulk of distribution 
is on the null 

Bulk of distribution 
is on the null λGC = 1.05
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This is the actual P-P plot

First three logs - completely null

Slight excess at the lower p value end of the distribution

Because we have ruled out bias in the overall distribution - we are able to interpret a finding as a locus-specific effect rather than being due to some bias present in the data that affects the entire distribution.

Nevertheless the challenge remains to identify the true signals (the suspectibility genes that we wanna find) from the noise.



population stratification



Principal components analysis (PCA) to test for 
differences between cases and controls



Helsinki



Skara and Malmö



Botnia



Jakobstad and Malax/Närpes



Vasa/Korsholm



Got stratification?

Analytical methods to optimize matching between 
cases and controls
– EIGENSTRAT (PCA)
– PLINK (clustering based on identity-by-state)

For meta-analysis: distributions must be corrected for 
(e.g. λGC)

But can’t save data if cases and controls are severely 
differentiated
– Other control data available? (data sharing)



statistical artifacts due to imputation 



Coverage of common SNPs by 
genome-wide genotyping platforms

Barrett and Cardon; Pe’er, de Bakker et al., Nat Genet, 2006



Increasing coverage and power 
by genome-wide imputation

Genotyping platforms have partially overlapping SNP 
sets
– Roughly 50K SNPs between Affy 500K and Illumina 317K

Imputation (prediction) of “missing” SNPs
– Majority of SNPs are highly correlated to genotyped SNPs
– Minority of SNPs are difficult to impute → uncertainty

Questions:
– How does this affect the test statistic?
– What can we do about it? 
– Example: Diabetes Genetics Initiative (DGI) and MACH 

imputations 



after QC: 370,847 SNPs

MACH 

2.55 million SNPs
(“dosage vector” in all 2,097 individuals)

association testing

phased haplotypes

1,022 diabetics and 1,075 
euglycemic controls matched 

by age, sex, BMI, location



Q-Q plot: genotyped vs. imputed SNPs
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Parsing all imputed SNPs by their 
correlation (r2) to the genotyped SNPs

these come 
for “free”

consistent with previous 
coverage estimates:

66% of common SNPs 
captured with r2>0.8

we have not “seen” 
these SNPs before



Serious deflation observed for imputed SNPs that 
are in poor (pairwise) LD to genotyped SNPs

Expected chi-squared

0 5 10 15 20 25 30

O
bs

er
ve

d 
ch

i-s
qu

ar
ed

0

5

10

15

20

25

30



binomial variance



Lack of information (uncertainty) 
leads to decreased variance of dosage



replace with 
empirically observed 

variance



This correction re-inflates the distribution

Expected chi-squared
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r2=1

r2>.5

r2<.5

MAF<5% 5-20% >20%

112153 291171 379247

33724 249031 530915

198368 194498 195753



Correlation in test statistic for rare and common SNPs: 
genotyped vs. imputed data

r2=0.68 r2=0.88MAF<5% MAF>5%
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Same effect observed in 
ultra-clean set of rare SNPs 

(missingness <0.1% and HWE p-val>0.1)

r2=0.69

empirical

im
pu
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d



Conclusions

Imputation methods available and user-
friendly

Word of caution for subset of SNPs that show 
deflated test statistics
– Simple correction is proposed

Some SNPs (mostly rare) would benefit from 
a larger HapMap
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